Plant-derived nature products, known as herb formulas, have been commonly used in 15 Traditional Chinese Medicine (TCM) for disease prevention and treatment. The herbs have 16 been traditionally classified into different categories according to the TCM Organ systems 17 known as Meridians. Despite the increasing knowledge on the active components of the herbs, 18 the rationale of Meridian classification remains poorly understood. In this study, we took a 19 machine learning approach to explore the classification of Meridian. We determined the 20 molecule features for 646 herbs and their active components including structure-based 21 fingerprints and ADME properties (absorption, distribution, metabolism and excretion), and 22 found that the Meridian can be predicted by machine learning approaches with a top accuracy 23 of 0.83. We also identified the top compound features that were important for the Meridian 24 prediction. To the best of our knowledge, this is the first time that molecular properties of the 25 herb compounds are associated with the TCM Meridians. Taken together, the machine 26 learning approach may provide novel insights for the understanding of molecular evidence of 27 Meridians in TCM.
of drug combinations. In East Asia, plant-derived natural products, known as herb formulas, 48 have been commonly used in Chinese Traditional Medicine (TCM) for disease prevention and 49 treatment. Herb formulas often involve multiple bioactive components to produce synergistic 50 effects in a personalized medicine manner, aiming for maximal therapeutic efficacy as well as 51 minimal side effects [4] . For example, the Fufang Danshen Diwan (Dantonic pill), a botanical Organ in TCM is fundamentally different from that of modern anatomic perspective, as the 68 Organs in TCM represent certain distinct states of the human body, rather than a 69 morphological structure. Similarly, although the Meridian system has been established as a 70 fundamental basis of TCM several thousand years ago, it is not coincided to the known 71 patterns of blood vessels or central nervous system [15] . More recently, fascia networks [16] 72 and perivascular space [17] have been proposed to explain Meridian, but neither of them have 73 been experimentally confirmed. 74   Table 1 . The Meridians and their example herbs. Each Meridian is linked to a particular Organ 75 which is characterized by its Elements and Quality of Yin or Yang. TCM considers a disease a 76 result of loss of balance in the Yin and Yang, which can be restored using herbs that target 77 particular Meridians.
predication performance was further evaluated by cross-validation, based on which we 126 identified the best models and feature types to predict the Meridians. The most predictive 127 fingerprint features and ADME properties were identified for each Meridian separately. [36], MACCS (Molecular ACCess System) [37] , Substructure (Sub) [38] and Extended 156 fingerprint (Ext) [39] . PubChem fingerprint was extracted from the PubChem database (n = 157 881 bits) while MACCS fingerprint was originated from the cheminformatics system provided 158 by the MDL company (n = 166 bits). Substructure fingerprint was used to represent the 159 specific substructures based on SMARTS Patterns for Functional Group Classification (n = 307 160 bits) [38] , [40] . Extended fingerprint complements the Substructure fingerprint with 161 additional bits describing circular topological features (n = 1024). 162 ADME properties for the ingredient compounds 163 ADME properties play important roles to determine the pharmacokinetics of a compound, 164 constituting the key factors that determine the hit and lead optimization processes in drug 165 discovery. ADME properties describe how a compound deposits inside the human body in 166 terms of the processes of absorption, distribution, metabolism and excretion. For instance, 167 water solubility, usually measured as the decimal logarithm of solubility (log S) in the units of 168 or , indicates the maximum dissolvable concentration of a compound in water. mol/l mg/ml 169 After oral administration, a drug reaches the initial portion of the gastrointestinal tract, where 170 the level of gastrointestinal absorption affects the fraction of the drug dose that enters the 171 bloodstream. Lipophilicity, on the other hand, represents the affinity of a compound in a 172 lipophilic environment and thus determines how easily the compound can pass through the 173 lipid membrane of cells. For the TCM herbs, the ADME properties for their ingredient 174 compounds have been largely uncharacterized. Therefore, we resorted to computational 175 methods as an alternative, which have been shown previously to be able to reliably and 176 efficiently determine ADME. For example, the Lipinski's Rule-of-five has been long used for 177 evaluating the bioavailability based on the structure information of compounds [41] . Classical 178 QSAR (Quantitative Structure-Activity Relationship) approaches also rely heavily on computational prediction of bioactivity properties based on the compound structures [35] . 180 We determined the ADME properties of the ingredient compounds using an online tool 181 SwissADME [42] . In the original publication, the authors of SwissADME showed that the 182 prediction of Lipophilicity achieved an accuracy of r (correlation) = 0.72, MAE (Mean absolute 183 error) = 0.89 and RMSE (root mean square error) = 1.14 against experimental data for 11,993 184 compounds. SwissADME also showed superior performance on the water solubility prediction 185 with R2 (coefficient of determination) of 0.75, 0.69 and 0.81 based on three different models 186 including the FILTER-IT model [42] 30%, which was a commonly accepted threshold to separate well-absorbed from poorly-222 absorbed compounds. After the filtering, 583 herbs and 4922 compounds were retained. We 223 compared the model prediction accuracies before and after the ADME filtering. 225 TCM herbs can be assigned to one or more of the 12 Meridians as shown in Table 1 . For each 226 herb, its Meridian vector is denoted as . From the 646 herbs that we herb = ( 1 , 2 , …, 12 ) 227 collected from TCMID, the Meridian classification for the herbs was represented as a binary We denoted that is a set of herbs that contain the compound . The = (ℎ 1 ,ℎ 2 , …, ℎ ) 259 We obtained a confusion matrix to evaluate the prediction accuracy for the test data. The 260 overall prediction accuracy was determined using the following equations: and belong, or do not belong to the Meridian, respectively. We selected the top ten 282 important substructures ranked by the likelihood ratio score for each Meridian. These 283 substructures can be therefore considered as the most frequent fragments among the 284 compounds of a specific Meridian. 288 In total, 646 herbs including 10,053 ingredient components with Meridian and chemical 289 structure information were obtained from the TCMID database ( Supplementary Table S2 ). 290 The Meridian distribution at the herb and the compound levels can be seen in (Fig 2A) . In contrast, much less herbs are found for the other five Meridians including 294 Bladder (n = 57), Gallbladder (n = 33), Small Intestine (n = 24), Cardiovascular (n = 4) and 295 Three End (n = 4). Next, we focused on the top seven abundant Meridians including Liver, 296 Lung, Spleen, Stomach, Kidney, Heart and Large Intestine. As expected, the majority of herbs (n = 580; 89.8%) target more than one Meridian, 309 however, there is a varying degree of overlap between them. It can be seen that Kidney and Liver has the biggest number of shared herbs (n = 51), followed by 36 herbs that are common 311 between Liver and Heart, and then 30 herbs between Liver and Stomach. (Fig 2B) . 321 In order to quantify the overall similarity between these seven major Meridians, we we considered the prediction of each Meridian separately in the following machine learning 332 tasks. Ultimately, for a given new herb or a compound, its Meridians can be predicted using 333 the best machine learning models. 335 We carried out the prediction of Meridians at two data levels including herb level and 336 compound level, for which their features were determined based on structure-based 337 fingerprints and ADME properties. At the herb level, the ADME properties were also utilized 338 to filter out those compounds with low water solubility or low gastrointestinal absorption 339 (see section 2.2 for more details). As a result, only 583 herbs remained after the filtering, 340 covering 4,922 compounds. We evaluated the prediction performance under scenarios of 341 different machine learning methods, feature types and data levels. More specifically, for each 342 one of the seven Meridians, 84 machine learning-based models were constructed including all 343 possible combinations from the four machine learning methods (SVM, DT, RF and kNN), seven 344 feature configurations (Ext, PubChem, Sub, MACCS, ADME, Ext + ADME and All fingerprints + 345 ADME) and three data levels (compound level, herb levels with or without ADME filtering). 346 The model was trained by a five-fold cross validation using 70% data and then tested for its 347 prediction accuracy using the remaining 30% data (see section 2.4 for more details). To (Fig 2A-B) . Note that we pooled all 357 the 84 machine learning models that differ in their feature combinations and machine 358 learning methods, some of which were sub-optimal and therefore led to poorer prediction 19 359 results. Still, these machine learning models performed significantly better than the baseline 360 prediction of permutated models (Fig S1, p-value < 0.0001, Wilcoxon rank-sum test). These 361 results supported the general feasibility of using machine learning approaches to relate 362 chemical information of herbs and compounds to explain Meridians ( Supplementary Table   363 S3). Furthermore, using the Balanced Accuracy metric, we found that the compound-level 375 prediction performed significantly better than the herb-level predictions (Fig 3B, p- level predictions compared to the herb-level predictions. We anticipated that the herb-level 390 prediction may be further improved when the actual composition and bioactivity of the compounds can be determined using modern high-throughput techniques e.g. mass 392 spectrometry or HPLC (High performance liquid chromatography) [59] . 393 As the compound-level prediction showed better performance than the herb-level 394 prediction, we further compared the prediction accuracy between different machine learning 395 methods at the compound level. As shown in Fig 3C, top models using all the fingerprint types combined with ADME achieved higher top accuracies, 403 compared to the use of them individually (Fig 3D) . Taken together, we concluded that the 404 combination of all fingerprints with ADME features may carry the most comprehensive 405 information to predict the Meridians at the compound level, for which the RF method 406 achieved the best prediction accuracy compared to other machine learning methods (Table   407 2). properties and 32 fingerprints. We confirmed that the 59 important features were 420 significantly more predictive than the other features across all the seven Meridians (p < 421 0.0001, Wilcoxon rank-sum test), with the median importance score for these 59 top features 422 ranging from 2.77 for Large Intestine to 6.4 for Spleen (Fig 4A) . The bi-clustering of the importance scores for the 27 ADME features and 32 fingerprints. higher among all the four fingerprint types (Fig S2) , which is also consistent with the better 454 machine learning performances of Ext fingerprints described earlier in section 3.2 (Fig 3D) . 455 Finally, we determined the important substructure fragments based on the top 456 fingerprints. As shown in Supplementary Table S4 , the representative fragments for each 457 Meridian are quite different from each other, which is in line with the limited overlap of herbs between the Meridians (Fig 2) . This result indicates that there might be enrichment of basic 459 chemical structures that differs between Meridians, which can be further explored using 460 pharmacophore modeling approaches [62]. In this study, we built a computational framework to study the concept of Meridians, 481 which has been long established for the classification of TCM herbs and thus constitutes the 482 fundamental basis of treatment strategy in TCM. We collected the Meridian information for major TCM herbs and determined their features based on the chemical fingerprints and ADME 484 properties. Using supervised classification methods including Random Forests, Support 485 Vector Machines, Decision Trees and K-Nearest Neighbor algorithms, we showed that the 486 Meridians can be accurately predicted especially at the compound level, with an average 487 accuracy of 0.70 of all the Meridians (Table 2) . Therefore, we concluded that molecular 488 features of the compounds can be considered as the essential information for an herb to be 489 classified as a particular Meridian. In particular, we showed that the ADME properties 490 improved the prediction accuracy, suggesting the relevance and reliability of the in-silico 491 predicted ADME properties for the understanding of Meridians. Ideally, experimentally-492 validated ADME properties for the ingredient compounds would be needed to confirm the 493 prediction results. Furthermore, we considered 36 ADME features that were provided in understanding of the topic. We extracted a subset of herbs from TCMID (n = 646) with known 539 Meridian information and then included their ingredient compounds with known chemical 540 structures (n = 10,053), with which the most predictive machine learning models and features 541 were determined. To be able utilize our machine learning framework to predict the unknown 542 Meridian for a given herb, the structural information of its ingredient compounds need to be 543 provided as input data. With the structural information it is then possible to determine the 544 fingerprint and ADME features. In the future, we envisage that more comprehensive 545 structural information about the active ingredients in herbs can be determined, so that the 546 Meridian annotation of herbs can be done more systematically and more accurately. The 
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